Factors such as a student's knowledge of the design problem and their deviation from a design process impact the achievement of their design problem objective. Typically, an instructor provides students with qualitative assessments of such factors. To provide accurate assessments, there is a need to quantify the impact of such factors in a design process. Moreover, design processes are iterative in nature. Therefore, the research question addressed in this study is, How can we quantify the impact of a student's problem knowledge and their deviation from a design process, on the achievement of their design problem objective, in successive design iterations? We illustrate an approach in the context of a decision-making scenario. In the scenario, a student makes sequential decisions to optimize a mathematically unknown design objective with given constraints. Consequently, we utilize a decision-making model to abstract their design process. Their problem knowledge is quantified as their belief about the feasibility of the design space via a probability distribution. Their deviation from the decision-making model is quantified by introducing uncertainty in the model. We simulate cases where they have a combination of high (or low) knowledge of the design problem and high (or low) deviation in their design process. The results of our simulation study indicate that if students have a high (low) deviation from the modeled design process then we cannot (can) infer their knowledge of the design problem based on their problem objective achievement.
Introduction
For design projects in engineering, a student's performance is assessed by the achievements of their design objectives [1] . We use the term 'design objectives' in this study to refer to the technical objectives of a design problem such as 'maximizing efficiency' as opposed to a student's educational objectives such as improving communication or presentation skills. A student's achievement of their design problem objectives is influenced by factors such as their knowledge of the design problem and their design process [2] [3] [4] [5] [6] [7] . Typically, students are provided with qualitative evidence of such factors that influence the achievement of their design objective, and they are given a grade accordingly [8] . However, it is difficult to assess which factor, if any, had a greater impact on their design objective achievement. Such assessments are required to particularize the feedback given to the students [9] . Thus, there is a need to quantify the impact of factors that affect the achievement of a student's design problem objective.
Dochy et al. [10] present an overview of the existing research on the assessment of a student's prior knowledge. The term 'prior knowledge' encompasses different aspects of a student's knowledge such as their problem knowledge and process knowledge. The authors discuss various assessment techniques such as surveys, multiple choice tests, and open questions. How-
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Varying model parameters that quantify the factors under study FIGURE 1: Illustration of an approach to quantifying the impact of factors that affect design outcomes and the focus of this paper.
ever, such techniques are qualitative and do not quantify the impact of a student's problem knowledge and process knowledge on their design performance.
In this study, we focus on two student-specific factors: a student's problem knowledge and their deviation from a modeled design process. While there are several aspects of a design process such as creativity and innovation, in this paper we focus on the decision-making process only. Decision-making is an important aspect of the design process and providing students with assessments on factors that affect their decision-making process is a crucial aspect of Engineering Education [11, 12] . We also consider the iterative nature of the design decision-making process, which compounds the impact of student-specific factors that affect the design outcomes. Thus, the research question we address in this study is: How can we quantify the impact of a student's problem knowledge and their deviation from a design process, on the achievement of their design problem objective, in successive design iterations? To answer this question, we illustrate an approach (See Figure 1) with an overarching goal of providing better assessments.
Specifically, we conduct a simulation study by utilizing a decision-making model. We quantify a student's problem knowledge as their beliefs about the feasibility of the design space.
We quantify a student's deviation from the modeled decisionmaking process by introducing uncertainty in our decisionmaking model. We simulate cases where they have a combination of high (or low) knowledge of the design problem and high (or low) deviation in their design process. Our central hypothesis is that by simulating such cases we can generate hypotheses about inferring the impact of student-specific factors on the achievement of their design problem objectives. The details of our approach are discussed in Section 2 where we highlight the importance of simulation studies. In Section 3, we describe the design of our simulation study. In Section 4, we present the results of our simulation study. We discuss the implications of the results in the context of a standard Machine Design I course, typically taught in the School of Mechanical Engineering, at Purdue University. In Section 5, we discuss the importance of experimentation and future work.
An Approach to Quantifying the Impact of Factors
that Affect a Student's Design Objective Achievement A general approach to quantifying the impact of factors that affect the achievement of the objectives of a design process is illustrated in Figure 1 . We begin by emphasizing the role of abstractions of a design process. For designers, abstractions enable them to model complex design processes [13] . Such models can predict the relationship between the required outcomes and the factors that affect them [14] . Simon [15] argues that computer simulations of such models can enable us to observe the modeled relationships. Several other researchers have also suggested utilizing computer simulations for the same [16] [17] [18] [19] . Existing literature has a gamut of examples of design processes that have been modeled and defined in the form of computer programs. We propose to quantify the factors that affect the modeled process through the program parameters. These parameters are varied to conduct simulation studies in various scenarios. The simulation results enable us to generate hypotheses about the impact of factors on the design outcomes in such scenarios. Such hypotheses are grounded in theory and are then subject to testing with empirical observations. Such an approach of hypotheses generation from theory and their experimental testing enables us to infer the impact of factors in a design process that affects the achievement of the design objectives.
We adopt the approach described above to answer the research question of this study. In the following subsections, we describe a design project given in a standard Machine Design I course, in the School of Mechanical Engineering, at Purdue University (Section 2.1). We describe a typical design process followed by the students in the project. Then, we abstract the design process as a sequential decision-making process (Section 2.2) and describe the decision-making model utilized in this study (Section 2.3).
An Example of a Design Project in Mechanical En-
gineering Consider a design project given in a standard Machine Design I course, in the School of Mechanical Engineering, at Purdue University. The students are required to design a four-bar Roberts linkage [20] , as shown in Figure 2 , such that a point P on the mechanism moves in a straight line. The design variables are the link lengths AC and CD. A student's project objective is to choose these link lengths such that the motion of the mechanism maximizes the straight line trajectory l of the point P. A constraint is provided on the total mass W of the mechanism. The other necessary details to calculate the total mass such as the material density ρ and the information regarding link geometry such as the link diameter d is provided. The ground link length AB is fixed and DB is assumed to be equal to AC.
For such a design project, typically, a student will design a mechanism with some specific design parameters (link lengths AC and CD). We assume that a student will do so on a CAD software package. They will experiment with the model and observe the length of the straight line generated by the mechanism as well as ensure that the mass constraint is satisfied. Then, a stu- dent will iteratively choose various link lengths and observe the impact on length of the straight line. Finally, they will choose a feasible solution from their design iterations which has the maximum straight line trajectory of the point P.
Mathematically, the problem is formulated as an optimization problem as follows:
A student needs to experimentally test their design as they do not have an explicit functional relationship L() between the objective, that is, the length l of the straight line and the design parameters, that are, the length of the links AC and CD. Although their design problem objective is given, what is not known to them is the functional relationship L(). A student may know the constraint function M() to calculate the mass of the mechanism from the geometric parameters and the material density. Thus, a student is optimizing a mathematically unknown design objective with given constraints.
The student's domain knowledge impacts their ability to comprehend the provided constraints and they are using experiments to develop a map between the design parameters and the design objective. We argue that a student can be considered as a sequential decision-maker. A sequential decision-maker, acquires information in steps, and in each step, the acquired information is used to update past beliefs, resulting in a new state of knowledge at the end of each step. Hence, the information acquired affects the subsequent information acquisition decisions in a sequential process [21] . Based on the previous experimental results, they have an improved understanding of the problem and consequently they vary their design parameters.
In the following section, we mathematically abstract and formalize such a scenario as a sequential decision-making scenario.
Sequential Decision-Making: An abstraction of a student's design process in their design projects
We generalize the design project example discussed in Section 2.1 as follows. Consider a design problem where a student is given a set of design variables x in a design space X . They are required to design a product that optimizes a design objective f (x) with constraints g(x) ≥ 0. However, the student does not explicitly know the mathematical relationship between the design variables x and the design objective. However, they may know the feasibility of the design variables through the constraint function g(x) ≥ 0, due to factors such as their domain knowledge. In such a scenario, a student is expected to iteratively gain information about f (x) by conducting (physical or computational) experiments. They would do so by choosing a specific set of design variables x * at iteration t to assess the design objective f (x * ). They would also gain information about the constraint feasibility of the chosen design parameters x * . The students would then update their state of knowledge based on the iteration t and update the design parameters for the next iteration (t + 1). The students would also have to decide when to stop their experimentation process. We call this process a sequential decision-making process. Figure 3 illustrates such a process where a student decides to stop after a fixed number of iterations T .
A Sequential Decision-Making Model of An Individual's Decision-Making
The sequential decision-making process described in Section 2.2 has three main activities, namely, information acquisition, information processing, and decision-making. These activities, as illustrated in Figure 3 , are modeled by Shergadwala et al. [22] . We adopt this model that has been experimentally validated [22] . Our focus is on utilizing this model to conduct a simulation study to address the research question discussed in Section 1. In the following, we describe the model and the implications of the model assumptions in the context of a student as a decision maker. Then, we describe the model parameters that quantify a student's problem knowledge and their deviation from the modeled decision-making process.
In effect, the authors [22] model the state of knowledge of an individual about the mathematically unknown objective function f (x) through a Gaussian Process (GP) [23] . An individual's state of knowledge about the constraints g(x) is represented as their beliefs about the constraint feasibility through a logistic regression. The decision to choose the next set of design parameters is made by maximizing the conditional expected improvement [24] . The model assumes that all the information acquisition sources are certain. Accordingly, we assume that the instructor provides the students with an experimental tool, such as a CAD platform, for them to evaluate their design product which provides experimental data without noise. The model assumes that the information is acquired for a fixed number of iterations. Accordingly, we assume that the instructor requires the students to perform exactly T experiments in their design project. Alternatively, we can also assume that a student has limited time and resources such that they can only perform T experiments. The model also assumes that every individual's state of knowledge about the objective function f (x) at the beginning of the process is the same (as it is mathematically unknown). In our context, this assumption is reasonable as the information provided to all the students by the instructor about the objective function is the same. However, their state of knowledge about the constraints may be different due to their varying knowledge about the problem concepts and problem domain. The model parametrically in-corporates the impact of an individual's state of knowledge about the design problem and their deviation from the assumed design process.
The state of knowledge of a student at experiment t is formulated as their belief about the feasibility of the inequality constraints g(x) ≥ 0. Mathematically, this belief is represented as an individual's probability P(g(x) ≥ 0|x) that the constraints in the design space X are satisfied. This probability is modeled through a logistic regression,
with parameters λ and b. The parameter b has an intuitive interpretation that correlates with the state of knowledge of a student's belief about the feasibility of the design space. The parameter b represents their belief about the mean location of the constraint boundary. The parameter λ > 0 (λ < 0) corresponds to the belief that the feasible region is to the right (left) of b. Small (big) |λ | denotes large (small) uncertainty about the boundary of the feasible set.
It is assumed that the student chooses the design parameters x at every iteration t by maximizing their conditional expected improvement [24] , arg max x EI(x), of their state of knowledge about the objective function. The model quantifies their deviation σ from this decision-making process by introducing uncertainty in the decision function. This implies that a student chooses x with probability:
which means that the further a student is from choosing the parameters that maximize their expected improvement, greater would be their deviation σ from the modeled decision-making strategy. As the state of knowledge b of a student at any step t will also impact their sequential decisions, we can say that the parameters b and σ will impact the outcomes of the modeled decision-making process. In order to observe the impact of these parameters in the context of a student's design project we, conduct a simulation study.
Simulation Study
In this section, we describe the design problem utilized to simulate a student's sequential decision-making activity. We then discuss the details of the simulation design.
The Design Problem
We choose a 1D design objective function f (x) and constraint function g(x) ≥ 0 to instantiate a design scenario as described in Section 2.2. While any objective function and constraint inequality could have been chosen, we maintained the consistency of our simulation study with the design problem chosen for the model verification in the study conducted by Shergadwala et al. [22] . By fixing the problem we eliminate the effect of problem-specific factors such as problem difficulty. The design problem chosen for the simulation study is as follows.
where, x is the design parameter and A is a problem-specific variable. The objective function maximum is 100 which occurs at x = 0.6A. However, students are not aware of the explicit mathematical form of the design problem. Thus, the model does not optimize over the explicit form of the function f (x) but the modeled belief of a student about the f (x). When the student tests their design parameter x, they receive the actual value of the corresponding f (x). This implies that the model chooses a design variable x based on the modeled decision-making function and receives information about the corresponding f (x) if the constraint was satisfied. It is to be noted that the parameter b represents a student's belief about the constraint boundary. If the student knows the exact location of the constraint boundary then b = √ 200A.
Metrics Utilized for Simulation Study
We list the variables of the simulation study and their measures in Table 1 . We describe how these variables quantify the factors under investigation in this study as follows:
1. A student's state of knowledge about the problem is defined as their belief b about the feasibility of the problem constraints as described in Equation 2. A students lack of knowledge about the constraints is defined by µ diff b . It is defined as the distance between the belief of the student about the location of the constraint boundary b and its actual loca-
Intuitively, a smaller µ diff b implies a better state of knowledge about the constraints. 2. We quantify a student's deviation from the modeled strategy through the model parameter σ . Greater the σ , greater is the deviation from the modeled strategy. 3. The best f (x) value found in any iteration t = 1, . . . ,t quantifies as the achievement of a student's design objective at the iteration t. For example, if the student samples a value of 50 at the 6th iteration and has sampled a maximum value of 67 in any of the previous 5 iterations then the achievement of their design objective at the 6th iteration would be considered as 67. 4. A student's performance is assessed based on the achievement of their design objective at iteration T . An example of an analytic rubric for the evidence of the achievement of a student's design objective is provided in Table 2 . 
Simulation Design
To run the design simulations, the model requires information regarding the number of iterations T , the problem-specific parameter A, the lack of knowledge of the student µ diff b , and the deviation of the student from the modeled process σ . Each simulation has a fixed number of fifteen (15) iterations. We do so as we assume that the instructor asks the students for a fixed number of experiments T in their project work. The value of the problemspecific parameter in Equation 4 is held constant at A = 700. We do so to control for the impact of problem specific factors such as problem difficulty. 
To understand the impact of a student's problem knowledge and their deviation from the modeled process, we vary the corresponding model parameters. Four combinations of representative high and low values of the model parameters are studied. Each combination is termed as a treatment. Table 3 illustrates the four treatments simulated. The treatments are labeled pairwise as {H (or L), H (or L)} corresponding to high (or low) problem knowledge and high (or low) deviation from the process respectively.
The simulation parameter values for the lack of knowledge
are chosen based on the problem-specific parameter A value. For A = 700, the constraint boundary b actual lies approximately at 375. Therefore, a student would have high problem knowledge if µ di f f b ≈ 0. Thus, their belief about the constraint boundary is chosen as b = 375. Low knowledge would correspond to a student having a high lack of knowledge. This implies that the beliefs about the constraint boundary should be "far away" from the actual constraint boundary. From the experimental calibrations in the study conducted by Shergadwala et al. [22] , we choose µ di f f b = 375 as an acceptable value to represent a low knowledge about the problem. Similarly, we choose the values of σ as 10 and 100 for low and high deviation respectively. The range of the design space X is considered between (0, 800). We assume that the students are provided with this range.
A deviation from the modeled process implies that the student decides the design parameters in every iteration with a probability defined in Equation 3 . This means that the modeled decision-making process is stochastic. To capture the variation in design outcomes due to the deviation from the design process, we run a 1000 simulations for each treatment.
Results and Discussion
In this section, we present the results of our simulation study, discuss the observations and their corresponding implications in the context of educational assessment.
Simulation Results
We obtain the search data of a thousand simulations for each treatment listed in Table 3 . Figure 4 illustrates the plot of the design objective achievement versus the design iterations for treatments LL and LH. Figure 5 illustrates the plot of design objective achievement versus the design iterations for treatment HL and HH. In each of the plots, the blue curve represents the median value of the design objective achievement of the thousand data points and the shaded areas are the corresponding 95 percentile data bounds. The simulation data sets from two sample simulations in each treatment have also been plotted.
We observe that:
1. Agents who have low problem knowledge and have a high deviation from the process (treatment LH) do not fully achieve their design objective even after a large number of iterations (14). 2. Agents who have low problem knowledge and a low deviation from the process (treatment LL) tend to underachieve in the early (1-3) design iterations than those who have high problem knowledge but they continue to improve and fully achieve their design objective in later (greater than 6) design iterations. 3. Agents who have a high deviation from the process (treatment LH and HH) tend to perform similarly irrespective of their problem knowledge. 4. Agents with high knowledge and a low deviation fully achieve their design objective in the early iterations of the design process. They also tend to perform better than everyone else. 5. The median achievement of the design objective for an agent in treatment HH is higher than those in the treatment LH for the first iteration.
Observation 1 and 2 are intuitive. Observation 1 implies that a student with low problem knowledge and high deviation from the modeled design process should perform worse than everyone else. Observation 2 implies that a student with lower knowledge but good adherence to the process learns over successive design iterations and improves the outcomes. The observations 3 and 4 imply that deviation from the process "masks" the impact of problem knowledge. This means that it is difficult to distinguish the impact of problem knowledge when there is a high impact of deviation from the modeled process. Although Observation 5 can be attributed intuitively to the impact of problem knowledge, there is a high uncertainty (variation) of the performance in a high deviation scenario.
Implications
In this section, we generate hypotheses based on the observations from our simulation study. We discuss the implications of these hypotheses in the context of a standard Machine Design I course and their impact on assessment.
Hypotheses Generation
The overarching goal of this paper to make better assessments by observing a student's achievement of their design objectives. From Observations 1 to 5, we generate the following hypotheses: If a student is observed to underachieve initially and fully achieves their design objectives eventually while following the modeled design process, then the student has low knowledge about the problem and they likely learned more about the problem over successive design iterations.
3. If a student does not follow the modeled design process then they may have high or low knowledge about the problem and we cannot infer about their problem knowledge solely on the basis of their project objective achievements.
Assessment of a Design Project in a standard Machine Design I course
We discuss the implications of our simulation study in the context of the design project example described in Section 2.1. The student's design objective is to maximize the length of the straight line of the trajectory of point P while satisfying the weight constraints. We assume that the instructor prescribes the students to follow the modeled design search process as described in Section 2. This implies that a student is assumed to follow expected improvement [24] as their decision-making strategy to choose the next link lengths to design a mechanism and observe the straight line. If they do not do so, then the student deviates by σ from an instructors expectation. This deviation may become obvious to the instructor from the student's project report where they report their successive iterations and the final design solution. The student's lack of knowledge about the feasible link lengths is represented by the parameter µ di f f b .
Our simulation results imply that we can hypothesize the following: H1) if we observe that students generated straight lines with acceptable lengths and maintained the weight constraint in the early design iterations as well as followed the instructors expected process, then we can say that the students successfully understood the weight constraints of the mechanism such that they appropriately chose the link lengths to design the mechanism. H2) students who eventually generated straight lines with acceptable lengths while satisfying the weight constraint and followed the instructors prescribed process, are students who did not fully grasp the implication of the weight constraints on the link lengths but eventually learned the relationship and improved the design outcome. H3) we cannot comment on the students understanding of the constraints if they did not follow the expected process. Students may generate acceptable or unacceptable lengths of straight lines but we cannot assume that students understood the feasible design space.
Development of Rubrics
Typically, an analytic rubric such as the one illustrated in Table 2 is utilized as an assessment tool that provides uniform grading and a standard for completing assignments. Development of such rubrics is an iterative process where sometimes a "good project" is not evaluated well according to the rubric which results in improving the rubric [25] . Such iterations of trial and error are inefficient. Our proposed approach enables us to simulate the theoretical impact of factors that need assessment such that a student's high performance evidence can be determined accordingly. This can help in reducing the number of iterations required to prepare the rubrics.
For example, consider a hypothetical scenario where the simulation results for the high performing students (Treatment HL) were such that they are able to achieve only a maximum f (x) value of 70. Then the evidence of full achievement of the design objective in Table 2 which is currently given as 90 < f (x) could be adjusted such that it is reflective of a high performance without having to actually grade the projects and discover it later.
Importance of Learning Objectives
Research in Engineering Education has shown that one of the reasons why students fail to meet instructor's expectations is due to the lack of explicit learning objectives [26] . Learning objectives are specific criterion referenced observable behaviors such as "Create a 2D-plot from a single bivariate data set". The lack of learning objectives in design projects prevents a student from understanding the motivations of doing the given project. Past research has shown that by providing explicit learning objectives, students tend to be motivated as well as have a clear idea of what is expected off of them [26] . Our model parameter σ quantifies a student's deviations from the modeled design process. Let us assume that an instructor expects a student to follow the modeled design process. Then, we hypothesize that if an instructor provides explicit learning objectives for the modeled process then it will reduce a student's deviation σ from the modeled design process.
Future Work
In this paper, we conduct a simulation study by utilizing a sequential decision-making model in the context of a student's design project. We quantify the impact of a student's problem knowledge and their deviation from the modeled decisionmaking process. We generate hypotheses about inferring the impact of such student-specific factors from the design outcomes. The process of generating such hypotheses grounded in a theoretical framework is a starting step but an important one towards the overarching goal of improving assessment theories. Based on the hypotheses generated in this study, in the future work, there lies a need to test these hypotheses by conducting behavioral experiments in classroom settings.
As we discuss the implications of the hypotheses in the context of a Machine Design I course in Section 4.2.2, in the future studies we hope to formulate such a design project and collect data from real students' projects. We will develop an assessment rubric based on generated hypotheses and test the hypothesized assessments with the actual performance of the students in a classroom. Experimentation in real settings enables us to test the validity of the hypotheses generated from theories. The outcomes of such hypotheses tests, irrespective of whether the hypotheses generated are rejected or not, will strengthen the theoretical foundations of assessment.
